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AfricaThe appropriate development of graphical visualisations to communicate climate data is
fundamental to the provision of climate services to guide climate change adaptation deci-
sions. However, at present there is a lack of empirical evidence, particularly in Africa, to
help climate information providers determine how best to communicate and display cli-
mate data. To help address this issue, an online survey, primarily targeted at the African
vulnerability, impacts and adaptation community, was designed and disseminated widely.
The survey examines the interpretation of climate data as a function of the style and infor-
mation content of graphical visualisations. It is shown that choices made when construct-
ing the visualisations, such as presenting percentile information versus showing the range,
signiﬁcantly impact on interpretation. Results also show that respondents who interpret a
higher likelihood of future changes to climate, based on the visualisation of climate model
projections, express greater conﬁdence in their interpretations. The ﬁndings have rele-
vance to the climate risk community in Africa and elsewhere across the world, and imply
that a naïve approach to visualising climate data risks misinterpretation and unjustiﬁed
levels of trust, with the potential to misinform adaptation and policy decisions.
Crown Copyright  2015 Published by Elsevier B.V. This is an open access article under the
CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).Introduction
Visualising climate data is a central component of communicating climate science research ﬁndings and climate model
results. With a growing demand for climate information to guide climate change adaptation decisions (Hewitt et al.,
2012) there is pressure on scientists to ensure that data visualisations are aesthetically attractive and tailored for speciﬁc
user communities. However, this creates a tension as some visualisation approaches and techniques risk distorting the
interpretation of the data; for example, Stauffer et al. (2014) discuss the use of different colour palettes in meteorological
visualisations and highlight their potential to mislead. It is therefore crucial to have robust evidence to inform the appropri-
ate design and dissemination of data visualisations to avoid misinterpretation. Yet in the ﬁeld of climate science and climate
change adaptation the current evidence base remains weak.
Issues in visualising data to inform decision making are not unique to climate science. In his seminal work on the
graphical display of information, Edward Tufte provides a set of principles to guide the development of visualisations across
disciplines. Tufte (1983) states that graphical displays should ‘‘avoid distorting what the data have to say’’ and ‘‘serve a
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approaches has since been well explored in the health (Hawley et al., 2008; Garcia-Retamero and Galesic, 2010; Galesic,
2011; Garcia-Retamero and Cokely, 2013), environmental hazards (Gahegan, 1999; Appleton et al., 2002; Bostrom et al.,
2008; Martin et al., 2008; Pang, 2008) and computer science literatures (Robertson, 1990; Keller et al., 2006; Aigner et al.,
2007; Vande Moere et al., 2012). Other studies routed in the psychological and cognitive science literatures describe com-
mon issues in communicating scientiﬁc data using visualisations. Carpenter and Shah (1998) discuss the multiple inﬂuenc-
ing factors that affect a user’s ability to interpret visual displays of information, noting that interpretations are heavily
inﬂuenced by the viewer’s expectations about, or familiarity with, the graph’s content. In a review of the recent literature,
Glazer (2011) similarly reﬂects on the issue of familiarity but also stresses the importance of scientiﬁc literacy, highlighting
the need for better education to help people interpret graphical information.
There is an increasing literature on the implications of different visualisations to communicate weather data and haz-
ardous weather events (Haase et al., 2000; Broad et al., 2007; Demuth et al., 2012; Stephens et al., 2012; Cox et al., 2013;
Radford et al., 2013; Ash et al., 2014), and in the last decade scientists have begun to investigate the use of visualisations
to communicate climate change information (Nicholson-Cole, 2005; Johansson et al., 2010). Kaye et al. (2012) present dif-
ferent approaches to mapping climate data, paying particular attention to the complex issue of communicating uncertain-
ties. However, despite the emergence of climate services (Visbeck, 2008), and the increasing use of online platforms to
disseminate climate information (e.g. CIP, 2014; IPCC, 2014a; PCIC, 2014; World Bank, 2014), in examining the recent liter-
ature it is apparent that there is still limited empirical evidence of how different individuals and groups interpret different
visualisations of climate data, especially in a developing country context.
Here we present results from an online survey designed to gather empirical data to investigate how the style and infor-
mation content of visualisations affects interpretation of climate data. A distinction is therefore made between the visuali-
sation style, denoting the type of graph and its aesthetic attributes, and the information content that depends on the choice of
data being displayed (e.g. minimum to maximum versus 10th to 90th percentile range). We investigate how different groups
and individuals interpret data when displayed in different ways and using different information content, focusing on accu-
racy of interpretation, conﬁdence in the extraction of climate change messages and preferences for different types of
communication.
In the latest assessment report from the Intergovernmental Panel on Climate Change (IPCC), developing countries in
Africa are shown to be particularly vulnerable to climate stressors (IPCC, 2014b). Adaptation to climate change is a key devel-
opment issue and there is an increasing effort amongst communities and sectors in African nations to reduce vulnerability to
climate risks (Adger et al., 2003; Schipper et al., 2014; Wilby, 2014). The appropriate use and interpretation of climate infor-
mation is one of the critical enablers of successful adaptation (Ziervogel and Zermoglio, 2009; Daron, 2014) and given the
particular lack of studies investigating the interpretation of climate visualisations in Africa, the research is therefore aimed
at the growing African vulnerability, impacts and adaptation (VIA) community.
Understanding how different visualisations of climate data affect interpretation is relevant for both conventional forms of
printed media and for online data portals, which are becoming an increasingly important mode of communicating climate
data. Advances in online data dissemination allow for increasing sophistication in the visualisation techniques used, often
incorporating interactive platforms. However, this study is focused on relatively simple visualisations as there remains an
insufﬁcient empirical evidence to inform scientists and the user community about the diversity of interpretations for this
class of climate data visualisations.
In Section ‘‘Methods’’, the method used in the study is described. Section ‘‘Results’’ presents the results of the online sur-
vey. First it is shown how the choice of information content in a visualisation affects interpretation of the data, and then the
impact of different visualisation styles is explored. The conclusions of the study, and suggestions for future research prior-
ities, are presented in Section ‘‘Concluding remarks’’.Methods
Survey dissemination and structure
The empirical data analysed in this study was gathered using an online survey platform. The dissemination of the survey
web page URL relied, largely, on an email advertisement sent to speciﬁc relevant email lists. Given our focus on the African
VIA community, the primary email list utilised was the user community for the Climate Information Platform (CIP, 2014)
hosted at the University of Cape Town. Additional email lists and websites targeting the VIA community in Africa, and else-
where, were also used to advertise the survey (see Acknowledgements). The survey was distributed in September and
October 2013 and it is estimated that approximately 2000 people received the link to the survey. In total, 272 people fully
completed the survey, over half of whom focus their work on regions in Africa1, and these respondents represent a diverse
group of scientists, practitioners and policy makers (see Supplementary materials for respondent demographic information).1 Rather than asking respondents where they were based, or where they were originally from, the survey asked respondents to disclose their area of focus (if
any) for their work. This is because the study seeks primarily to address the issues in interpretation for those who are using climate data for Africa,
acknowledging that many people who work in the VIA community in Africa are mobile and work at institutions across Africa and the world.
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Group 1 and Group 2) to enable comparisons between responses to different visualisations. Respondents in Group 1 (n = 140)
received one set of visualisations while respondents in Group 2 (n = 132) received a different, though similar, set of visual-
isations. Each group was further randomly divided into two streams; respondents in Stream A were shown guidance infor-
mation prior to completing the survey while those in Stream B were not (see Supplementary materials). This process resulted
in four sub-samples of respondents: Group 1A, Group 1B, Group 2A and Group 2B. Analysis revealed very few signiﬁcant dif-
ferences between the responses across the two streams. Therefore, the results presented in Section ‘‘Results’’ show only the
combined responses for the two main groups (i.e. Group 1 and Group 2), not accounting for the further sub-division into
streams A and B. The impact of receiving the guidance information is, however, discussed where relevant.
Climate data
The choice of visualisation depends, in part, on the precise nature of the data. In this study the focus is on the interpre-
tation of relatively simple climate datasets, typical of those being communicated to the VIA community. The data chosen for
the survey consists of historical and future rainfall time series data at a single station location. The data was extracted from
the Climate Information Platform (CIP, 2014) for Mombasa, Kenya; this location was chosen because it has two rainy seasons
and the distribution of rainfall is similar to that of many regions across central, west and east Africa where high population
densities are vulnerable to climate variability and climate change (IPCC, 2014b). To avoid biased responses, and prevent
respondents from looking at other data to guide their answers, the geographical location of the data was not disclosed.
Observations of monthly rainfall cover the period 1981–2010 and the future projections of the change in annual rainfall
are taken from ten statistically downscaled global climate models (Hewitson and Crane, 2006) using the A2 SRES emissions
scenario (IPCC, 2000) for the period 2041–2070, presented as anomalies using the same observational baseline period.
All visualisations showing the climate change projections were based on the same underlying data but this detail was not
disclosed to respondents. This inevitably represents a key limitation of the study; answers provided to questions about visu-
alisations shown later in the survey may have been inﬂuenced by a memory of answers provided to previous questions.
However, it was determined that using different data for each visualisation would have further complicated the analysis
and made cross-comparisons between different visualisations problematic.
Survey questions
For each visualisation, respondents were ﬁrst asked two multiple choice questions which both had correct, objectively
deﬁned answers, to assess the accuracy of the respondents (results not shown); e.g. ‘‘How many models project an increase
in average annual rainfall of more than 100 mm?’’ – the precise questions varied depending on the visualisations shown.
Subsequent questions investigated the subjective interpretation of climate change messages from each visualisation. For
these questions respondents were asked to estimate the likelihood of changing climate conditions, or to estimate the like-
lihood of exceeding thresholds, using a sliding bar across a continuous range (e.g. from ‘‘exceptionally unlikely’’ to ‘‘virtually
certain’’); the range was represented by a numerical scale from 0 to 100 for analysis purposes but the numbers were not
shown to respondents when answering the questions. Finally, questions related to respondents’ conﬁdence in interpreting
climate change messages and the clarity of the visualisations were asked; similarly a sliding bar with a continuous scale was
used to answer these questions.
Towards the end of the survey there were additional questions investigating relative preferences for the visualisations
shown, as well as some more general questions asking about respondents’ preferred way of receiving climate information
(i.e. through verbal, numerical or visual methods) and their level of trust in regional climate projections. A ﬁnal set of ques-
tions were asked to gather additional demographic information (see Supplementary materials).Results
Varying information content
In order to assess the impact of varying information content, two different graphs showing the same 30 years of observed
monthly rainfall data were presented to the two groups. The graph shown to Group 1 (inset Fig. 1(a)) uses a common
approach to plotting rainfall data; dark blue bars show observed mean monthly rainfall and light blue bars show the min-
imum to maximum range. The graph shown to Group 2 (inset Fig. 1(b)) uses the same visualisation style but here the light
blue bars display the 10th to 90th percentile range.
Respondents were asked to assess the likelihood – across a continuous range from ‘‘exceptionally unlikely’’ (value of 0,
Fig. 1) to ‘‘virtually certain’’ (value of 100, Fig. 1) – of exceeding a speciﬁc rainfall threshold. The responses (Fig. 1 frequency
distributions) reveal the diversity in interpretations. While the majority of respondents in both groups answered that it was,
to varying degrees, unlikely to exceed the threshold, some respondents expressed a much higher likelihood. These results
provide evidence for substantial within-group differences revealing that people extract different messages from the same
visualisation with the same quantitative data. The diversity of answers may be partly related to confusion about the question
Fig. 1. Assessed likelihood of rainfall threshold exceedance. Normalised frequency distributions of responses to the question, ‘‘how likely will it be for the
rainfall in April 2014 to be more than 500mm?’’, from respondents in Group 1 (n = 140) who were shown (a) mean, minimum and maximum observed rainfall
information (inset top-right), and respondents in Group 2 (n = 132) who were shown (b) mean, 10th and 90th percentile observed rainfall information
(inset bottom-right).
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Fig. 1(b) = 66.2 (on a scale where 0 corresponds to ‘‘strongly disagree’’ and 100 corresponds to ‘‘strongly agree’’ with the
statement ‘‘the ﬁgure is clear and easy to interpret’’). In addition, the responses show that there is a signiﬁcant2
between-group difference – mean likelihood for Group 1 = 24.9 and mean likelihood for Group 2 = 12.5 (p-value < 0.001) –
showing that the assessment of exceeding rainfall thresholds is, in part, dependent on the choice of information displayed.
There are no signiﬁcant differences between the two Streams (A and B), meaning that the guidance information had little impact
on the respondents’ understanding of the visualisations.Comparing different visualisation styles
A number of visualisations using different styles were developed (Fig. 2) to assess the impact of altering the visualisation
style on the interpretation of climate data. In developing these visualisations the aim was not to generate optimal visuali-
sations but rather to understand how different visualisations are interpreted. The four styles chosen represent different ways
of communicating climate projection data. The ﬁrst two styles (shown in Fig. 2(a) and (e) and Fig. 2(b) and (f)) are similar to
those commonly found in existing climate information portals (e.g. CIP, 2014). The threshold visualisations (Fig. 2(c) and (g))
represent a novel infographic style and the bar-plots (Fig. 2(d) and (h)) represent a more conventional style which might be
found in policy reports or printed media.
As explained in Section ‘‘Methods’’, each visualisation incorporates the same data showing the change (anomaly) in mean
rainfall between a future period (2041–2070) and a reference period (1981–2010) for ten different climate model
projections. Two of the four styles contain the same information content (Fig. 2(b), (d), (f) and (h)) while the other two styles
contain different information content, albeit with the same underlying data; Fig. 2(a) and (e) show the minimum, maximum2 Differences between the means of distributions shown in this study are tested for signiﬁcance using the non-parametric Mann–Whitney–Wilcoxon test;
p-values are reported in the main text where relevant.
Fig. 2. Visualisations used in the survey for: (a–d) Group 1, (e–h) Group 2. Each visualisation had the title: ‘‘Change in average annual rainfall from the past
(1981–2010) to the future (2041–2070) for ten models’’.
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Fig. 2(a–d) while Group 2 viewed Fig. 2(e) and (f); one style attribute of each visualisation was varied between the sets of
visualisations (e.g. change in orientation between Fig. 2(c) and (g)).
The respondents were asked to assess the likelihood of future change in average annual rainfall. The frequency distribu-
tions of responses (Fig. 3) show how the visualisation affects the interpretation. Fig. 2(b) and (d) have the same information
content but there is a signiﬁcant difference (p-value < 0.001) in the mean response. In the equivalent ﬁgures for Group 2
(Fig. 2(f) and (h)) there is a similar shift in the distribution, though the difference is less signiﬁcant (p-value = 0.06). This
may be explained by the over-plotting at 14 mm in Fig. 2(b), which is accounted for by ‘‘jittering’’ in Fig. 2(f). However,
other considerations, such as the lack of colour in Fig. 2(h), could also have inﬂuenced the interpretation. Indeed the use
of colour in Fig. 2(d) appears to explain a greater tendency to interpret a decrease in rainfall, and though the difference
in the mean response between Fig. 2(f) and (h) is not signiﬁcant, the difference between Fig. 2(f) and (d) is signiﬁcant
(p-value < 0.01).
Self-assessed conﬁdence
For each visualisation, respondents were asked to assess their conﬁdence in their ability to answer the question about
future rainfall change. The responses vary considerably for all visualisations, ranging along the scale from ‘‘not at all’’ to
‘‘extremely’’ conﬁdent, but there are some notable differences between the visualisations (Table 1 and Fig. 4). For example,
the mean response from Group 1 respondents for Fig. 2(b) is signiﬁcantly lower than the mean response for Fig. 2(d)
(p-value = 0.02). This difference may arise because of the difﬁculty in distinguishing between the crosses in Fig. 2(b). It
may also be related to the use of red and blue colour in Fig. 2(d) to denote models that show drying and wetting respectively;
using intuitive colours is a common technique for communicating climate data, particularly to show precipitation and tem-
perature changes. Another possible explanation is that conﬁdence was higher for Fig. 2(d) because it was the last visualisa-
tion to be viewed. If respondents had become aware that the data for each visualisation was the same, they may have been
more conﬁdent in their ability to answer later questions. However, Group 2 results are not entirely consistent, and the vari-
ability in responses remains high, implying that this factor (an artifact of the survey design) is likely to have had a limited
inﬂuence.
Fig. 4 shows the relationship between conﬁdence and expected change in rainfall revealing a consistent Y-shaped pattern.
For all visualisations a signiﬁcant positive relationship (Pearson correlations >0.3, p-values < 0.005) is found between
Fig. 3. Expected rainfall change in the future. Normalised frequency distributions of the responses to the question, ‘‘How do you expect the average annual
rainfall to change in the future?’’ Each panel corresponds to the respective visualisation in Fig. 2: (a–d) Group 1 responses (n = 140), and (e–h) Group 2
responses (n = 132). x shows the mean response on a scale from 0 (‘‘very likely to decrease’’) to 100 (‘‘very likely to increase’’), with 50 corresponding to ‘‘no
change’’.
Table 1
Mean responses for each Group and visualisation regarding: conﬁdence in answering the rainfall change question, on a scale where 0 corresponds to ‘‘not at all
conﬁdent’’ and 100 corresponds to ‘‘extremely conﬁdent’’; clarity – agreement with the statement that the visualisation is ‘‘clear and easy to interpret’’, on a scale
where 0 corresponds to strongly disagree and 100 corresponds to strongly agree; and, preference – each visualisation was ranked in order of preference such
that a mean response closer to one denotes a higher preference whilst a mean response closer to four denotes a lower preference.
Group 1 Group 2
Visualisation Conﬁdence Clarity Preference Visualisation Conﬁdence Clarity Preference
Fig. 2a 51.93 53.61 2.77 Fig. 2e 52.58 52.05 2.69
Fig. 2b 49.57 52.54 2.82 Fig. 2f 52.54 63.22 2.11
Fig. 2c 54.68 50.96 2.95 Fig. 2g 50.27 41.17 3.47
Fig. 2d 56.14 69.93 1.46 Fig. 2h 53.94 70.11 1.73
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Fig. 4. Expected rainfall change versus conﬁdence of respondents in their answers. Each panel corresponds to the visualisation in the same panel in Fig. 2:
(a–d) Group 1 responses (n = 140); and (e–h) Group 2 responses (n = 132). The areas of the circles are proportional to the number of respondents.
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a high likelihood of a change in future rainfall, be that an increase or decrease, are more likely to express a high degree of
conﬁdence in their interpretation. As this relationship is found consistently for all visualisations, one can infer that conﬁ-
dence in interpreting climate change messages is inﬂuenced by factors other than the visualisation. Additional targeted
research is required to explore this result further but some respondents commented that their low conﬁdence resulted from
a lack of knowledge about the reliability of the underlying climate model data. In addition, people may also have precon-
ceived ideas of how rainfall might respond to climate change and may therefore interpret climate information in ways that
align to their preconceptions.
Examining preferences
Respondents ranked each visualisation in order of preference (Table 1). The majority of respondents rank Fig. 2(d) (Group
1) and Fig. 2(h) (Group 2) highest (72% and 59% respectively). In Group 1 Fig. 2(a) and (c) were the least preferred visuali-
sations (ranked last by 37% and 34% of respondents respectively), while Fig. 2(g) was the lowest ranked visualisation for the
majority of respondents in Group 2 (61%). The difference in the percentage of people ranking Fig. 2(c) and (g) in lowest posi-
tion suggests that seemingly small details, such as the horizontal or vertical alignment of the visualisation, may have a nota-
ble impact on preferences. In general, visualisations with more information content (i.e. more detail) are ranked higher and
respondent comments suggest this is because more detailed ﬁgures enable a better understanding of the multi-model
spread.
Preferences are also found to be related to the assessed clarity of the visualisation (Table 1). Assessed clarity is signiﬁ-
cantly lower (p-value < 0.001) for Fig. 2(b) (ranked by Group 1) than for Fig. 2(f) (ranked by Group 2) and this likely explains
the lower preference ranking (Table 1). Furthermore, the highest mean preference rankings are given to Fig. 2(d) and (h), the
two visualisations to which respondents express the highest level of conﬁdence in interpreting climate change messages.
This suggests that climate information providers need to be careful in developing visualisations. In addressing the demand
for user friendly information, there is a need to preserve scientiﬁc robustness (Cash et al., 2002) and a sole focus on improv-
ing aesthetics, corresponding to preferences, may risk over-conﬁdence in the interpretation of the underlying data (Nicholls,
1999; Spiegelhalter et al., 2011). Other factors that are likely to affect preferences include familiarity and cognitive ease
(Kahneman, 2011), aspects particularly prevalent in an online survey; comments received on the survey suggest that famil-
iarity was a key factor.
Sub-sampling by demographic and institutional factors
To date no studies have examined the interpretation of climate visualisations by the VIA community in Africa, and this
was a primary motivation for targeting the study at African respondents. When comparing the answers of the respondents
who focus their work on Africa to those who focus elsewhere (or have no regional focus) there were very few signiﬁcant
differences. In addition, when sub-sampling respondents based on the region of Africa in which they were focused (east,
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people who focus their work on Africa, and utilise climate information developed to inform the African VIA community, are
not dissimilar to the variation in interpretations of people who focus their work elsewhere.
However, there are some differences worth noting. For the climate change visualisations (Fig. 2), the African focused
respondents expect, on average, a higher likelihood of decreasing rainfall than the non-African focused respondents
(p-value < 0.05 for Fig. 2(e); African focused respondents stated rainfall was 4% more likely to decrease). This could be
due to a greater sensitivity to drought risk amongst some African respondents, though additional research would be required
to explore this result further. Also, the African focused respondents are generally more conﬁdent in their interpretations
(p-value < 0.05 for Fig. 2(e); whole sample mean = 52.6% and African focused sample mean = 60.6%), and they rate the clarity
of the visualisations higher than the non-African focused respondents (p-value < 0.01 for Fig. 2(b), (c) and (g), and
p-value = 0.025 for Fig. 2(f)). The reasons behind these differences have not been investigated and therefore warrant further
exploration.
More differences emerge by sub-sampling the respondents with respect to other demographic and institutional factors.
For example, those who work in government planning are more likely to trust the underlying scientiﬁc data. Conversely,
other demographic factors, such as age and gender, are found to have no signiﬁcant impacts on interpretation across all
visualisations.
While some of the different interpretations revealed in this study can be linked to demographic and institutional factors,
most are the result of within-group (i.e. inter-individual) differences. People inherently differ in their interpretations and can
therefore reach alternative conclusions, irrespective of gender, qualiﬁcations or discipline of focus. The VIA community is not
homogenous and while it is important to ensure that methods of communication are tailored to speciﬁc audiences, all sec-
tors of society consist of individuals with different backgrounds, capabilities and motivations. Any visualisation of climate
data will be subject to different interpretations and this creates a challenge that must be acknowledged in guiding adapta-
tion decisions.
Concluding remarks
It is critical to distinguish between visualisation approaches seeking to objectively communicate climate data and those
seeking to convey speciﬁc messages about climate variability or climate change. In reality there is often a tension as climate
information providers strive to remain impartial while attempting to translate data into information and aid users in extract-
ing climate change messages from the data. Edward Tufte states ‘‘above all else show the data’’ (Tufte, 1983), but in using
different visualisation styles, attributes and techniques tailored towards a speciﬁc user community, we are inherently adding
a layer of interpretation.
Our primary focus is on the African VIA community where the existing empirical evidence base is particularly weak, but
the results suggest that issues in interpreting climate data visualisations are common to respondents across the world.
However, some differences do emerge when sub-sampling respondents working in the African VIA community, such as
an apparent tendency to interpret a higher likelihood of drying in the future and higher conﬁdence in interpreting messages
from the visualisations; such ﬁndings may be explained by people attempting to conﬁrm or disconﬁrm relationships based
on prior expectations or beliefs, consistent with the well-established cognitive ‘‘conﬁrmation bias’’ (Shah and Freedman,
2011). Yet overall there are much greater inter-individual differences and the wide diversity of interpretations is a ﬁnding
that is common to all regions.
The study provides a basis for further research examining the interpretation of alternative and more complicated datasets
and visualisation styles. In particular, increased attention should be given to how different audiences interpret visualisations
of spatial data and large multi-model ensemble data, such as those being used to communicate climate data in the IPCC
assessment reports. As noted by McInerny et al. (2014), producing visualisations from complicated, uncertain data requires
expertise and knowledge frommultiple disciplines. It is also critical that research to understand the effectiveness of different
visualisations is situated in a multi-disciplinary context. Complementary research in the behavioral, computer, psychological
and political sciences will help to unpack the role of visualisations in communicating climate data to different audiences.
The results from this study provide robust evidence that choices regarding information content, such as the use of per-
centile information as opposed to minimum andmaximum information, can signiﬁcantly impact how users interpret climate
data. In addition, techniques commonly used to help convey messages, such as the use of red and blue colours to denote
drying and wetting respectively, can inﬂuence how people interpret climate change signals. Choices about the visualisation
style and information content form part of the interpretation process and climate data providers need to recognise the con-
sequences of such choices in providing climate data and communicating climate change messages to a diverse user commu-
nity. Given the increasing demand for climate services across the world, it has never been more important for climate
scientists and climate service providers to make use of the available evidence to inform the display and communication
of climate data.
Acknowledgements
The authors would like to acknowledge the helpful support of colleagues at the Climate System Analysis Group at the
University of Cape Town, particularly Lisa Coop, Bruce Hewitson, Anna Steynor and Kate Sutherland, as well as Suraje
J.D. Daron et al. / Climate Risk Management 10 (2015) 17–26 25Dessai and Andrea Taylor at the University of Leeds. We are very grateful to the Africa Climate and Development Initiative
(ACDI), the South African Applied Centre for Climate and Earth System Science (ACCESS), CLIMLIST, the UK Climate Impacts
Programme (UKCIP), the European Network for Earth System modelling (ENES) and other individuals for circulating the sur-
vey web page URL. We also thank the anonymous reviewers for their comments which have helped to improve the content
and clarity of the paper. Funding to support the collaboration was provided by the Research Mobility Programme from the
World Universities Network.Appendix A. Supplementary data
Supplementary data associated with this article can be found, in the online version, at http://dx.doi.org/10.1016/j.crm.
2015.06.007.
References
Adger, W.N., Huq, S., Brown, K., Conway, D., Hulme, M., 2003. Adaptation to climate change in the developing world. Prog. Dev. Stud. 3 (3), 179–195.
Aigner, W., Miksch, S., Müller, W., Schumann, H., Tominski, C., 2007. Visualizing time-oriented data – a systematic view. Comput. Gr. 31 (3), 401–409.
Appleton, K., Lovett, A., Sünnenberg, G., Dockerty, T., 2002. Rural landscape visualisation from GIS databases: a comparison of approaches, options and
problems Computers. Environ. Urban Syst. 26 (2–3), 141–162.
Ash, K.D., Schumann, R.L., Bowser, G.C., 2014. Tornado warning trade-offs: evaluating choices for visually communicating risk. Weather Clim. Soc. 6,
104–118.
Bostrom, A., Anselin, L., Farris, J., 2008. Visualizing seismic risk and uncertainty. Ann. N.Y. Acad. Sci. 1128, 29–40.
Broad, K., Leiserowitz, A., Weinkle, J., Steketee, M., 2007. Misinterpretations of the ‘‘cone of uncertainty’’ in Florida during the 2004 hurricane season. Bull.
Am. Meteorol. Soc. 88 (5), 651–667.
Carpenter, P.A., Shah, P., 1998. A model of the perceptual and conceptual processes in graph comprehension. J. Exp. Psychol. Appl. 4, 75–100.
Cash, D., Clark, W., Alcock, F., Dickson, N., Eckley, N., Jger, J. 2002 Salience, credibility, legitimacy and boundaries: linking research, assessment and decision
making. John F. Kennedy School of Government Harvard University Faculty Research Working Papers Series.
Cox, J., House, D., Lindell, M., 2013. Visualizing uncertainty in predicted hurricane tracks. Int. J. Uncertain. Quantif. 3 (2), 143–156.
CIP: Climate Information Platform 2014 Online data portal hosted by the Climate System Analysis Group At the University of Cape Town, South Africa.
Accessible at http://cip.csag.uct.ac.za. Version 2.
Daron, J.D., 2014. Challenges in using a robust decision making approach to guide climate change adaptation in South Africa. Clim. Change. http://dx.doi.org/
10.1007/s10584-014-1242-9.
Demuth, J.L., Morss, R.E., Morrow, B.H., Lazo, J.K., 2012. Creation and communications of hurricane risk information. Bull. Amer. Meteorol. Soc. 93,
1133–1145.
Gahegan, M., 1999. Four barriers to the development of effective exploratory visualisation tools for the geoscience. Int. J. Geogr. Inf. Sci. 13 (4), 289–309.
Galesic, M., 2011. Graph literacy: a cross-cultural comparison. Med. Decis. Making 31, 444–457.
Garcia-Retamero, R., Galesic, M., 2010. Who proﬁts from visual aids: overcoming challenges in people’s understanding of risks. Social Sci. Med. 70 (7),
1019–1025.
Garcia-Retamero, R., Cokely, E.T., 2013. Communicating Health Risks With Visual Aids. Curr. Dir. Psychol. Sci. 22, 392–399.
Glazer, N., 2011. Challenges with graph interpretation: a review of the literature. Studies Sci. Educ. 47, 183–210.
Haase, H., Bock, M., Hergenröther, E., Knöpﬂe, C., Koppert, H.J., Schröder, F., Trembilski, A., Weidenhausen, J., 2000. Meteorology meets computer graphics – a
look at a wide range of weather visualisations for diverse audiences. Comput. Gr. 24 (3), 391–397.
Hawley, S.T., Zikmund-Fisher, B., Ubel, P., Jancovic, A., Lucas, T., Fagerlin, A., 2008. The impact of the format of graphical presentation on health-related
knowledge and treatment choices. Patient Educ. Couns. 73, 448–455.
Hewitson, B.C., Crane, R.G., 2006. Consensus between GCM climate change projections with empirical downscaling: precipitation downscaling over South
Africa. Int. J. Clim. 26 (10), 1315–1337.
Hewitt, C., Mason, S., Walland, D., 2012. The global framework for climate services. Nat. Clim. Change 2, 831–832.
IPCC, 2000. In: Nakicenovic, N., Swart, R. (Eds.), Emissions Scenarios: IPCC Special Report. Cambridge Univ Press, Cambridge.
IPCC Data Distribution Centre. Available at http://www.ipcc-data.org/index.html, accessed on 14/02/2014.
IPCC, 2014b. In: Climate change 2014: impacts, adaptation, and vulnerability. Part B: regional aspects. In: Barros, V.R. (Ed.), . IPCC Fifth Assessment Report
(AR5). Cambridge Univ Press, New York.
Johansson, J., Neset, T.S., Linnér, B.O. 2010 Evaluating Climate Visualization: An Information Visualization Approach. In: proceedings of the 14th IEEE
International Conference on Information Visualization IV10 156–161.
Kahneman, D., 2011. Thinking Fast and Slow. Farrar Straus and Giroux.
Kaye, N.R., Hartley, A., Hemming, D., 2012. Mapping the climate: guidance on appropriate techniques to map climate variables and their uncertainty. Geosci.
Model Dev. 5, 245–256.
Keller, T., Gerjets, P., Scheiter, K., Garsoffky, B., 2006. Information visualizations for knowledge acquisition: the impact of dimensionality and color coding.
Comput. Hum. Behav. 22, 43–65.
Martin, J.P., Swan, J.E., Moorhead, R.J., Liu, Z., Cai, S., 2008. Results of a user study on 2D hurricane visualization. Comput. Graph. Forum 27 (3), 991–998.
McInerny, G.J., Chen, M., Freeman, R., Gavaghan, D., Meyer, M., Rowland, F., Spiegelhalter, D., Stefaner, M., Tessarolo, G., Hortal, J., 2014. Information
visualisation for science and policy: engaging users and avoiding bias. Trends Ecol. Evol. 29, 148–157.
Nicholls, N., 1999. Cognitive illusions, heuristics, and climate prediction. Bull. Am. Meteor. Soc. 80 (7), 1385–2397.
Nicholson-Cole, S.A., 2005. Representing climate change futures: a critique on the use of images for visual communication. Comput. Environ. Urban Syst. 29
(3), 255–273.
Pang, A., 2008. Visualizing uncertainty in natural hazard. Risk Govern. Soc. 14, 261–294.
PCIC: Paciﬁc Climate Impacts Consortium – Tools and Data. Available at http://www.paciﬁcclimate.org/tools-and-data, accessed on 14/02/2014.
Radford, L., Senkbeil, J.C., Rockman, M., 2013. Suggestions for alternative tropical cyclone warning graphics in the USA. Disaster Prev. Manag. 22, 192–209.
Robertson, P.K. 1990. A methodology for scientiﬁc data visualisation: choosing representations based on a natural scene paradigm. In: proceedings of the
ﬁrst IEEE conference on visualization.
Schipper, E.L.F., Ayers, J., Reid, H., Huq, S., Rahman, A., 2014. Community-based adaptation to climate change: scaling it up. Routledge, Abingdon,
Oxfordshire, UK.
Shah, P., Freedman, E.G., 2011. Bar and line graph comprehension: an interaction of top-down and bottom-up processes topics in cognitive science 3,
560–578.
Spiegelhalter, D., Pearson, M., Short, I., 2011. Visualising uncertainty about the future Science 333, 1393–1400.
Stauffer, R., Mayr, G.J., Dabernig, M., 2014. Somewhere over the rainbow: how to make effective use of colors in meteorological visualizations. Bull. Am.
Meteorol. Soc., doi:101175/BAMS-D-13-00155.
26 J.D. Daron et al. / Climate Risk Management 10 (2015) 17–26Stephens, E.M., Edwards, T.L., Demeritt, D., 2012. Communicating probabilistic information from climate model ensembles – lessons from numerical
weather prediction WIREs. Clim. Change 3 (5), 409–426.
Tufte, E., 1983. The visual display of quantitative information, 1st ed. Graphic Press, Chershire, CT.
Vande Moere, A., Tomitsch, M., Wimmer, C., Boesch, C., Grechenig, T., 2012. Evaluating the effect of style in information visualization. IEEE Trans. Visual
Comput. Graphics 18, 2739–2748.
Visbeck, M., 2008. From climate assessment to climate services. Nat. Geosci. 1, 2–3.
Wilby, R.L. 2014 Final Report. Climate for development in Africa (ClimDev) – climate sciences and services for Africa. Strategic research opportunities for
ClimDev-Africa.
World Bank. Climate Change Knowledge Portal 2.0. Available at http://sdwebx.worldbank.org/climateportal/index.cfm, accessed on 14/02/2014.
Ziervogel, G., Zermoglio, F., 2009. Climate change scenarios and the development of adaptation strategies in Africa: challenges and opportunities. Clim. Res.
40, 133–146.
